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Abstract: Aiming at the problems of tim€ consuming and low accuracy of deep convolution neural network in

detecting surface structural cracks,

and use image augmentationgte
training Xception. At the

network models, Res

apeﬁroposes to adaptively adjust and reconstruct its classifier based on Xception,
to expand the dataset. After that, transfer learning method is introduced for

, its performance is re-verified by comparing it with three deep convolution neural

eptionV3 and VGG19. Experiments show that the introduction of transfer learning not only

improves the overall perforfdance of the model, but also reduces the time of training the deep convolutional neural network.
Recognition accuracy of the trained model on the dataset reaches 96.24%, and 96.50% in the comparative experiment.
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Fig.1 Method flow chart
3 SCIGFE#EE (Experimental construction)
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Fig.2 Raw dataset image example
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Fig.3 Image augmentation example
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Fig.4 Schematic diagram of model structure
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Fig.5 Schematic diagram of transfer learning
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4 SLIGERE S H7(Experimental results and
analysis)
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Tab.1 Dataset partition table

sl LS BASRE R ik
TEREL 7,147 1,787 8,934
AHRY 13,314 3,328 16,642
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Tab.2 Experimental results

y 3
gLe} BAL RMSE({] KA/ %
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Fig.6 Variation trend of loss value
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Tab.3 Results of comparative experiments

i8] Ko/ % HAME/% FLR% /%
Xception 96.50 96.78 96.64
ResNet50 90.04 92.13 91.07
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